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Abstract
Understanding the potential drought characteristics under climate change is essential to reduce vulnerability and establish 
adaptation strategies, especially in the Huang-Huai-Hai Plain (3H Plain), which is the grain production base in China.  In this 
paper, we investigated the variations in drought characteristics (drought event frequency, duration, severity, and intensity) for 
the past 50 years (1961–2010) and under future scenarios (2010–2099), based on the observed meteorological data and 
the RCP 8.5 scenario, respectively.  First, we compared the applicability of three climatic drought indices: the standardized 
precipitation index (SPI), the standardized precipitation evapotranspiration index based on the Penman-Monteith equation 
(SPEI-PM) and the Thornthwaite equation (SPEI-TH) to trace the recorded agricultural drought areas.  Then, we analyzed the 
drought characteristics using “run theory” for both historical observations and future RCP 8.5 scenario based on proper index. 
Correlation analyses between drought indices and agricultural drought areas showed that SPEI-PM performed better than 
SPI and SPEI-TH in the 3H Plain.  Based on the results of SPEI-PM, the past 50 years have experienced reduced drought 
of shorter duration, and of weaker severity and intensity.  However, under the future RCP 8.5 scenario, drought is expected 
to rise in frequency, duration, severity, and intensity from 2010–2099, although drought components during the 2010–2039 
are predicted to be milder compared with the historical conditions.  This study highlights that the estimations for atmospheric 
evaporative demand would bring in differences in the prediction of long-term drought trends by different drought indices. 
The results of this study can help inform researchers and local policy makers to establish drought management strategies.
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1. Introduction
Drought is one of the most damaging and widespread cli-
mate extremes that negatively affect the agricultural produc-
tion, water resources, ecosystem function, and human lives 
around the world (Wilhite et al. 2007; Dai 2011b).  Due to the 
interaction of monsoon climate with the complex topography 
in East Asia, China has suffered from long-lasting and severe 
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droughts during the second half of twentieth century, which 
has caused significant socio-economic and eco-environment 
damages to the country (Yong et al. 2013; Yang et al. 2015; 
Zhang H L et al. 2015).  With the increasing temperature 
and changing distribution of precipitation, the drought risk 
is expected to increase further (Sillmann et al. 2013; Wang 
and Chen 2014) and subsequently make crop production 
more uncertain.  Thus, understanding the potential drought 
characteristics under climate change is of prime importance 
for reducing vulnerability and establishing drought adapta-
tion strategies (Chen et al. 2014; Wilhite et al. 2014).
Several techniques have been developed to quantitatively 
analyze drought characteristics (Heim 2002).  Some of these 
are the physically based indices, such as Palmer drought 
severity index (PDSI) and its derivative, and statistically 
based indices, such as standardized precipitation index 
(SPI) and the standardized precipitation evapotranspiration 
index (SPEI) (Vicente-Serrano et al. 2011).  These indices 
have been widely used in detecting long-term drought 
trends under climate change at several locations around 
the world.  The general recognition is that drought has been 
intensifying around the world due to global warming in the 
past decades (Allen et al. 2010; Dai 2013).  However, it has 
been difficult to understand how droughts have changed 
in China, because the findings based on various potential 
evapotranspiration (PET) equations varied among studies 
(Sheffield et al. 2012; Trenberth et al. 2014; Xu et al. 2015). 
For example, significant drying trends were found in northern 
and southwestern China during the past decades, when 
PET was estimated by temperature only (Yu M et al. 2014; 
Wang H et al. 2015).  However, when it was calculated 
by the Penman-Monteith (PM) equation, whose algorithm 
takes more climatic variables into account, no evidence of 
an increase in drought severity was found across China 
(Wang W et al. 2015), and even more wetting areas than 
drying areas were observed in the North China Plain and 
Northeast China Plain (Xu et al. 2015).  Subsequently, such 
differences have led to confusion among scientists, policy 
makers, and the public (Vicente-Serrano et al. 2012).  Thus, 
the applicability of an index should be verified prior to using 
it in drought analysis to obtain results that are more realistic. 
Substantial divergence of applicability exists between phys-
ically and statistically based drought indices, and difference 
exists even when using the same index with different PET 
estimation methods, depending on the system and location. 
Dai (2011a) reported that PDSI performed better than other 
indices because of its physically based water balance model, 
but Vicente-Serrano et al. (2011) described the advantages 
of statistically based indices, including SPI and SPEI, and 
provided a worldwide rating of the performance of PDSI, 
SPI, and SPEI on hydrological, agricultural, and ecological 
systems (Vicente-Serrano et al. 2012).  Similar comparative 
studies have been conducted at different locations for dif-
ferent systems, such as river discharges (Zhai et al. 2010), 
tree-ring growth (Sun and Liu 2013), and crop production 
(Xu et al. 2013), resulting in site or system specific results.
The Huang-Huai-Hai Plain (3H Plain) is a major crop 
producing area in China that encompasses 19% of the total 
arable land in China.  However, it has experienced serious 
droughts and water scarcity problems in recent years (Yong 
et al. 2013), which has been the limiting factor for agricultural 
production (Zhang H L et al. 2015).  Furthermore, water 
limitation is likely to be accentuated by increased food 
demand, soil quality deterioration and over-exploitation of 
groundwater resources (Yang et al. 2015).  Climate vari-
ability, especially extreme climate events, such as drought, 
may cause fluctuation of crop yields (Lu and Fan 2013; Yu Q 
et al. 2014).  Thus, understanding the potential variations of 
drought characteristics under climate change is essential for 
reducing vulnerability and establishing drought adaptation 
strategies for agriculture in 3H Plain.  Most previous studies 
have primarily reported the seasonal and spatial variability 
of water deficiency (Yong et al. 2013; Huang et al. 2014) 
and the long term drought evolutions, including dry/wet 
trends, spatial distribution of drought frequency, drought 
affected areas, and drought duration for historical periods 
(Yu M et al. 2014; Wang H et al. 2015; Wang W et al. 2015; 
Xu et al. 2015).  However, few studies have evaluated the 
performance of multi-indices on estimating drought impact 
and assessed drought risk for future climate scenarios.
The objectives of this research are: (1) to evaluate the 
applicability of drought indices (SPI and two versions of 
SPEI) in describing historical agricultural drought areas 
in the 3H Plain; (2) to investigate the variations of drought 
characteristics, including duration, severity, and intensi-
tyfor 1961–2010 and (3) to evaluate of projected drought 
characteristics for 2010–2099 using the RCP 8.5 scenario. 
The results are expected to provide useful information on 
drought risk to decision makers and a wide range of stake-
holders interested in the occurrence and consequences of 
recurrent droughts.
2. Materials and methods
2.1. Study region
The 3H Plain is located in northern China, extending over 
31°14´–40°25´N and 112°33´–120°17´E, with 23.3 million 
ha of arable land (19% of the total arable land in China), 
providing about 70% of national wheat production and 
30% of national maize production with a dominant winter 
wheat-summer maize double cropping system (Yang et al. 
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2015).  The 3H Plain belongs to the extra tropical monsoon 
climatic region.  The annual mean precipitation is 500–800 
mm with more than 70% falling in July to September and 
the atmospheric evaporative demand is about 1 000 mm yr–1 
(Zhang et al. 2011).  For the wheat-maize rotation system, 
rainfall can only meet 65% of total agricultural water demand, 
and for winter wheat, only 25–40% of water demand is 
satisfied by rainfall (Mei et al. 2013).  The irrigation water is 
primarily pumped from groundwater.  However, the ground-
water level has decreased from a depth of 10 m in the 1970s 
to 32 m in 2001, and has continued to decrease at the rate 
of 1 m per year (Zhang et al. 2005).  Thus, drought in this 
region not only challenges food supplies, but also results 
in a series of environmental problems.  The 3H Plain can 
be divided into six sub-regions (see Li et al. 2015 for detail 
information) in terms of climate conditions and agricultural 
management practices (Fig. 1).  
2.2. Data description
Climate data  Historical meteorological data (the maximum 
& minimum temperature, wind speed, relative humidity, and 
daily sunshine duration) covering the period of 1961–2010 
for 45 weather stations (Fig. 1) were obtained from the 
China Meteorological Administration (CMA).  Future climate 
data were simulated using the RCP8.5 scenario of the Had-
GEM2-ES climate model, which assumes that the green-
house gas emission continues to increase at the present 
rate.  This dataset has been used for assessing potential 
effects of drought on winter wheat yield (Leng et al. 2015) 
and its vulnerability and adaptive capacity in the 3H Plain 
(Li et al. 2015).
Drought area data  Several previous studies have used 
crop yield data to verify the regional performance of drought 
indices (Vicente-Serrano et al. 2012; Ming et al. 2015; Po-
topova et al. 2015; Zhang J et al. 2015).  However, in order 
to evaluate yield variability due to climate fluctuations alone, 
yield data should be detrended to remove the effect of agri-
cultural technology improvements, such as better fertilizer 
application, new crop varieties, and better tillage practices 
(Yu Q et al. 2014; Potopova et al. 2015).  Similarly, it is 
difficult to determine how much yield is affected by drought. 
Thus, in this study, we used drought area data to verify the 
performance of SPI, SPEI-TH, and SPEI-PM.
The drought area data, including the drought-induced 
areas (DIA), drought-affected areas (DAA), and lost harvest 
areas (LHA) were obtained from the disaster database of 
Department of Plantation, Ministry of Agriculture, China.  The 
DIA, DAA, and LHA represent the arable areas with yield 
losses caused by drought at 10, 30, and 70%, respectively. 
Thus, they actually reflect the cumulative effect of drought 
on harvest yield for the whole growing season of winter 
wheat and summer maize (the agricultural pattern is winter 
wheat and summer maize rotation system in the 3H Plain), 
and not the conventional ‘drought area’ that measures the 
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Fig. 1  Location of the Huang-Huai-Hai Plain and the meteorological stations used in this study.  Ⅰ, piedmont plain-irrigable land 
zone; Ⅱ, coastal land-farming-fishing area; Ⅲ, low plain-hydropenia irrigable land and dry land; Ⅳ, hill-irrigable land and dry land; 
Ⅴ, basin-irrigable land and dry land; Ⅵ, hill-wet hot paddy-paddy field.
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base embodies provincial scale disaster data since 1949. 
However, considering the data’s integrity and usability, data 
of DIA from 1971–2013, DAA from 1970–2012, LHA from 
1982–2013 of Henan, Hebei, and Shandong provinces 
were considered.
2.3. Calculations of drought indices
The SPI is the number of standard deviations of the 
standardized normal distribution transformed from the 
precipitation (P) series (McKee et al. 1993), while the 
SPEI follows the same procedure but it is the difference of 
the precipitation (P) and the potential evapotranspiration 
(PET) series (Vicente-Serrano et al. 2010).  To compute 
the indices, the probability density function of P series or P 
minus PET series for a desired scale was estimated, which 
was then transformed to a normal distribution.  As a result, 
the value of SPI or SPEI can be constructed as a split line 
that separates the standard normal distribution.  The main 
strength of SPI and SPEI is that it can be calculated for 
any timescale(Heim 2002), which represent the cumulative 
impact of drought for different time periods (Hayes et al. 
2011).  The SPI depends only on precipitation data, which 
makes it popular and easy to implement around the world. 
The SPEI takes into account the atmospheric evaporation 
demand (i.e., PET), which makes it suitable for drought 
analysis under climate change (Vicente-Serrano et al. 2012). 
In the original version of SPEI, the evapotranspiration was 
estimated by the Thornthwaite (TH) equation, which only 
considers temperature.  However, the PM method is widely 
accepted as the most physical and accurate estimation of 
PET as it includes the effects of temperature, wind speed, 
relative humidity, and solar radiation (Chen et al. 2005; 
Sentelhas et al. 2010).  
The SPI and two versions of SPEI (SPEI-TH and SPEI-
PM) were calculated utilizing the R package of SPEI, 
developed by Begueria et al. (2014).  Since SPI and SPEI 
are both standardized, their values should have the same 
statistical meaning, and therefore should be comparable. 
Thus, the same threshold as shown in Table 1 was used to 
classify the drought conditions.
2.4. Drought identification using ‘run theory’
The ‘run theory’ (Fig. 2) proposed by Yevjevich (1967), which 
has been applied frequently to time series of anomalous 
hydrologic events, was used to identify drought components 
and investigate their statistical properties (Mishra and Desai 
2005; Nam et al. 2015).  A drought event is defined as a 
consecutive sequence of months (t) with drought indices 
values (Xt) less than a chosen threshold (X0).  A drought 
event is characterized by the following components, which 
can be used for mathematical analysis of drought (Fig. 2). 
Drought initiation time (Ts) is the onset month of a drought 
event.  Drought termination time (Te) represents the date 
when the water shortage becomes sufficiently small so that 
the drought no longer persists.  Drought duration (D) is 
the time period between the initiation and termination of a 
drought.  Drought severity (S) is obtained by the cumulative 
deficiency of the drought parameter below the critical level. 
Drought intensity (I) is calculated as the ratio of the drought 
deficit volume and the drought duration.
Table 1  Drought classifications based on standardized 
precipitation index (SPI) and standardized precipitation-
evapotranspiration index (SPEI)
Drought classes Probability (%) Index value
Extreme wet 2.3 ≥2.0
Very wet 4.4 1.5–2.0
Moderate wet 9.2 1.0–1.5
Near normal 68.2 –1.0–1.0
Moderate dry 9.2 –1.5–(–1.0)
Severe dry 4.4 –2.0–(–1.5)








X0=threshold value; Ts=drought initiation time; Te=drought termination time









Fig. 2  Drought characteristics identification using the ‘run theory’ (Yevjevich 1967).
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3. Results
3.1. Selection of preferable drought index
As shown in Fig. 3, drought areas have declined since 
the 1970s.  Particularly, the DIA of all the provinces has 
decreased significantly (P<0.001).  However, the DAA of 
the three provinces shows insignificant decline, but is still 
at lower level after 2003.  The LHA of Henan (Fig. 3-A3) 
and Shandong (Fig. 3-C3) decreased significantly (P<0.05), 
while it was not significant for the Hebei Province (Fig. 3-B3).
The Pearson correlation coefficients (r) between monthly 
drought index series at 1–12 timescales and the agricultural 
drought areas in Hebei (HB), Henan (HN), and Shandong 
(SD) provinces, obtained from the Ministry of Agriculture 
for historical years, are summarized in Fig. 4.  It shows that 
the absolute value of Pearson’s r increased from January to 
December with the increase in timescale.  Thus, a 12-mon 
SPEI-PM at the end of December in the 3H Plain could 
capture the overall yearly dry conditions, which reduced the 
crop yield.  Table 2 compares the Pearson’s r between SPI, 
SPEI-PM, and SPEI-TH in December at 12-mon scale.  The 
SPEI-PM gave higher Pearson’s r values than the SPI and 
SPEI-TH, compared with the DIA, DAA, and LHA estimated 
by Ministry, China.  For example, the median to high cor-
relation between lost harvest areas (LHA) and SPEI-PM in 
Hebei was –0.74, which was higher than that of SPI (–0.60) 
and SPEI-TH (–0.58).  Thus, SPEI-PM was considered to be 
a proper index for drought analysis in the 3H Plain.
3.2. Drought characteristics over the past 50 years
Historical drought evolution  The drought/wet evolutions 
computed by SPEI-PM at 1–24-mon scales is depicted for 
the six sub-regions of 3H Plain during 1961–2010 (Fig. 5). 
The horizontal axis represents mon series from January 
1961 to December 2010, while the ordinate is the timescales 
from 1–24.  By utilizing the single diagram, the temporal 
trends of the severity and duration of the drought indices 
and the development of the drought/wet stress conditions 
from 1 to 24 timescales over the past 50 years can be easily 
identified.  Furthermore, the characteristics of drought oc-
currences in different regions can be compared.  According 
to Fig. 5, the moderate (≤–1.0) drought appeared broken in 
1965–1970, 1980–1985, and 2000–2005 for all sub-regions. 
However, the severe droughts (≤–1.5) occurred primarily 
before the 1970s.  Furthermore, after the severe to extreme 
wet period at around 1965, moderate-to-severe dry condi-
tions occurred in all regions from 1965 to1970.Particularly, 
sub-regions V and VI (Fig. 5-E and F) experienced extreme 
dry conditions during this period.
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Fig. 3  The series of drought area of Henan, Hebei and Shandong provinces.  A, Henan Province; B, Hebei Province; C, Shandong 
Province.  1, drought-induced areas (DIA); 2, drought-affected areas (DAA); 3, lost harvest areas (LHA).  The dotted line is the 
linear trend line.
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The changes in the number of total drought events were 
available for 45 meteorological stations at multiple times-
cales under historical periods and they were divided into the 
1960s, 1970s, 1980s, 1990s, and 2000s (Table 3).  A drought 
event was counted according to the ‘run theory’ (Fig. 2). 
The threshold values are shown in Table 1.  Drought events 
were categorized into two types: above-moderate drought 
events (herein after AM event) whose threshold was≤–1.0 
and above-severe drought events(hereinafter AS event) 
whose threshold was≤–1.5.  The ratio of AS events to AM 
events was also calculated to indicate changes in drought 
severity.  An AM event includes all kinds of drought while an 
AS event includes more severe drought.  In AM events, no 
significant trends were detected from the 1960s to 2000s for 
all timescales (Table 3).  AM events happened infrequently in 
the 1960s and 2000s.  However, the AS/AM ratio in the 1960s 
was found to be the highest with a gradual decrease toward 
the 2000s for different timescales.  In the case of SPEI-PM6, 
the ratio decreased from 72.8% in the 1960s, to 51.0% in 
the 1970s, to 37.8% in the 1980s, and then to 35.5% in the 
2000s.  Thus, total drought events showed no significant 
tendency over the historical period, but drought events with 
more severity decreased gradually from the 1960s to 2000s.
Table 2  Comparison of Pearson’s r between SPEI-PM, SPEI-
TH, and SPI at 12-mon scale1)
Province Classification DIA DAA LHA
Hebei SPEI-PM –0.54 –0.73 –0.74
SPEI-TH –0.26 –0.65 –0.58
SPI –0.44 –0.73 –0.60
Henan SPEI-PM –0.48 –0.64 –0.58
SPEI-TH –0.29 –0.58 –0.45
SPI –0.44 –0.64 –0.56
Shandong SPEI-PM –0.75 –0.81 –0.78
SPEI-TH –0.57 –0.70 –0.71
SPI –0.68 –0.76 –0.74
1) DIA, drought-induced areas; DAA, drought-affected areas; LHA, 
lost harvest areas.
Jan 0 -0.1 -0.3 -0.3 -0.4 -0.1 0 0 -0.1 -0.1 -0.1 -0.1 Jan 0.2 0.2 0 -0.1 -0.3 -0.2 -0.2 -0.1 -0.1 -0.1 0 0 Jan 0.2 0.2 0 -0.1 -0.3 -0.2 -0.2 -0.1 -0.1 -0.1 0 0
Feb -0.2 -0.1 -0.2 -0.3 -0.4 -0.4 -0.1 0 0 -0.1 -0.1 -0.1 Feb -0.1 0 0.1 -0.1 -0.2 -0.3 -0.3 -0.2 -0.1 -0.1 -0.1 -0.1 Feb -0.1 0 0.1 -0.1 -0.2 -0.3 -0.3 -0.2 -0.1 -0.1 -0.1 -0.1
Mar -0.1 -0.1 -0.1 -0.2 -0.3 -0.4 -0.5 -0.2 0 0 -0.1 -0.1 Mar -0.1 -0.1 0 0 -0.1 -0.2 -0.4 -0.3 -0.2 -0.1 -0.1 -0.1 Mar -0.1 -0.1 0 0 -0.1 -0.2 -0.4 -0.3 -0.2 -0.1 -0.1 -0.1
Apr -0.2 -0.2 -0.2 -0.2 -0.2 -0.3 -0.4 -0.5 -0.2 -0.1 -0.1 -0.1 Apr 0 0 -0.1 0 0 0 -0.1 -0.3 -0.3 -0.2 -0.1 -0.1 Apr 0 0 -0.1 0 0 0 -0.1 -0.3 -0.3 -0.2 -0.1 -0.1
May -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.5 -0.5 -0.5 -0.4 -0.2 -0.2 May -0.3 -0.2 -0.2 -0.2 -0.2 -0.1 -0.2 -0.2 -0.3 -0.4 -0.3 -0.2 May -0.3 -0.2 -0.2 -0.2 -0.2 -0.1 -0.2 -0.2 -0.3 -0.4 -0.3 -0.2
Jun -0.4 -0.6 -0.5 -0.5 -0.5 -0.5 -0.5 -0.6 -0.6 -0.6 -0.5 -0.3 Jun -0.5 -0.5 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.5 -0.5 -0.4 Jun -0.5 -0.5 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.5 -0.5 -0.4
Jul -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.6 -0.6 -0.6 -0.6 -0.5 Jul -0.7 -0.7 -0.8 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 Jul -0.7 -0.7 -0.8 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7
Aug -0.2 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.6 -0.6 Aug -0.4 -0.7 -0.7 -0.8 -0.8 -0.8 -0.8 -0.7 -0.7 -0.7 -0.8 -0.8 Aug -0.4 -0.7 -0.7 -0.8 -0.8 -0.8 -0.8 -0.7 -0.7 -0.7 -0.8 -0.8
Sep -0.3 -0.3 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.6 -0.6 -0.6 Sep -0.3 -0.5 -0.7 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.7 -0.7 -0.8 Sep -0.3 -0.5 -0.7 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.7 -0.7 -0.8
Oct 0 -0.2 -0.2 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 Oct 0.1 -0.2 -0.4 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 Oct 0.1 -0.2 -0.4 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7
Nov 0.2 0.1 -0.2 -0.2 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 Nov 0.3 0.2 -0.1 -0.3 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 Nov 0.3 0.2 -0.1 -0.3 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7
Dec 0 0.1 0.1 -0.2 -0.2 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 Dec 0 0.2 0.2 -0.1 -0.4 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 Dec 0 0.2 0.2 -0.1 -0.4 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12
Jan -0.1 -0.2 -0.3 0 -0.1 -0.1 -0.2 -0.2 -0.1 0 0 0 Jan -0.2 -0.2 -0.1 0.1 -0.1 0 -0.1 -0.1 0 0.1 0.1 0.1 Jan -0.1 -0.1 0 0.2 0.2 0.1 -0.1 0 0.1 0.1 0.2 0.2
Feb -0.2 -0.2 -0.3 -0.3 0 -0.1 -0.2 -0.2 -0.2 -0.1 -0.1 0 Feb -0.2 -0.3 -0.3 -0.1 0 -0.1 -0.1 -0.2 -0.1 0 0 0.1 Feb -0.2 -0.2 -0.2 -0.1 0.1 0.1 0.1 -0.1 0 0.1 0.1 0.1
Mar 0.1 0 0 -0.1 -0.2 0 -0.1 -0.2 -0.2 -0.2 -0.1 -0.1 Mar 0.1 0 -0.1 -0.1 0 0.1 -0.1 -0.1 -0.2 -0.1 0 0 Mar 0.1 -0.1 -0.1 -0.1 0 0.2 0.1 0.1 -0.1 0 0.1 0.1
Apr 0 0.1 0 0 -0.1 -0.1 0 -0.1 -0.2 -0.2 -0.2 -0.1 Apr -0.2 -0.1 -0.2 -0.2 -0.2 -0.2 0 -0.2 -0.1 -0.2 -0.1 0 Apr -0.2 -0.1 -0.2 -0.2 -0.2 -0.1 0.1 0.1 0 -0.1 -0.1 0.1
May -0.1 -0.1 0 0 -0.1 -0.1 -0.1 0 -0.1 -0.2 -0.3 -0.2 May -0.2 -0.3 -0.2 -0.2 -0.2 -0.2 -0.2 -0.1 -0.2 -0.2 -0.3 -0.2 May -0.1 -0.1 -0.1 -0.1 -0.1 -0.1 -0.1 0 0 0 -0.1 -0.1
Jun -0.4 -0.3 -0.3 -0.2 -0.2 -0.2 -0.2 -0.3 -0.2 -0.2 -0.3 -0.4 Jun -0.2 -0.3 -0.3 -0.3 -0.3 -0.3 -0.3 -0.3 -0.2 -0.3 -0.3 -0.4 Jun -0.4 -0.3 -0.3 -0.2 -0.2 -0.3 -0.2 -0.2 -0.1 -0.1 -0.1 -0.2
Jul -0.3 -0.5 -0.5 -0.5 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.5 Jul -0.2 -0.4 -0.4 -0.5 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 Jul -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.4 -0.4 -0.3 -0.3
Aug -0.4 -0.4 -0.6 -0.6 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 Aug -0.5 -0.5 -0.5 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.5 -0.5 -0.6 Aug -0.5 -0.5 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.5 -0.5 -0.4
Sep -0.2 -0.4 -0.5 -0.6 -0.6 -0.6 -0.5 -0.5 -0.5 -0.6 -0.6 -0.5 Sep -0.4 -0.6 -0.5 -0.6 -0.6 -0.7 -0.6 -0.7 -0.7 -0.7 -0.6 -0.6 Sep -0.2 -0.4 -0.5 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.5
Oct 0.2 -0.1 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 Oct 0.1 -0.2 -0.5 -0.5 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 Oct 0.2 0 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5
Nov 0 0.1 -0.1 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 Nov 0 0 -0.2 -0.5 -0.5 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 Nov -0.2 0 -0.1 -0.3 -0.5 -0.5 -0.5 -0.6 -0.5 -0.6 -0.6 -0.6
Dec 0.2 0.1 0.2 0 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 Dec 0.1 0 0.1 -0.2 -0.4 -0.5 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 Dec 0.2 -0.1 0.1 -0.1 -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.6 -0.6
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12
Jan 0 -0.2 -0.3 0 -0.2 -0.3 -0.2 -0.2 -0.2 -0.2 -0.2 -0.2 Jan 0.1 0 -0.2 0 -0.2 -0.4 -0.3 -0.2 -0.3 -0.3 -0.3 -0.3 Jan 0 -0.1 -0.2 -0.1 -0.2 -0.4 -0.3 -0.2 -0.3 -0.2 -0.2 -0.2
Feb -0.4 -0.2 -0.3 -0.4 -0.2 -0.2 -0.3 -0.2 -0.2 -0.2 -0.2 -0.2 Feb -0.2 0 -0.1 -0.2 -0.1 -0.2 -0.4 -0.4 -0.3 -0.3 -0.3 -0.3 Feb -0.3 -0.2 -0.3 -0.3 -0.2 -0.3 -0.5 -0.3 -0.2 -0.3 -0.3 -0.3
Mar -0.1 -0.3 -0.2 -0.4 -0.4 -0.2 -0.3 -0.3 -0.3 -0.2 -0.2 -0.2 Mar -0.1 -0.2 -0.1 -0.2 -0.3 -0.1 -0.3 -0.5 -0.4 -0.3 -0.3 -0.3 Mar -0.2 -0.4 -0.3 -0.3 -0.4 -0.3 -0.4 -0.5 -0.4 -0.3 -0.3 -0.3
Apr -0.3 -0.3 -0.4 -0.3 -0.4 -0.5 -0.3 -0.4 -0.4 -0.3 -0.2 -0.3 Apr -0.4 -0.4 -0.4 -0.3 -0.4 -0.4 -0.3 -0.4 -0.5 -0.4 -0.3 -0.4 Apr -0.4 -0.4 -0.5 -0.4 -0.4 -0.5 -0.4 -0.5 -0.6 -0.4 -0.3 -0.4
May -0.3 -0.4 -0.4 -0.5 -0.5 -0.5 -0.6 -0.5 -0.5 -0.5 -0.4 -0.3 May -0.2 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.4 -0.6 -0.5 -0.4 May 0 -0.2 -0.2 -0.3 -0.3 -0.3 -0.4 -0.3 -0.4 -0.6 -0.4 -0.3
Jun -0.4 -0.6 -0.6 -0.6 -0.6 -0.6 -0.6 -0.7 -0.7 -0.6 -0.6 -0.5 Jun -0.3 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.5 -0.7 -0.6 Jun -0.5 -0.4 -0.5 -0.5 -0.5 -0.5 -0.5 -0.6 -0.6 -0.6 -0.7 -0.5
Jul -0.5 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.6 Jul -0.6 -0.6 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.6 -0.6 -0.7 Jul -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.8
Aug -0.4 -0.6 -0.7 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.7 Aug -0.6 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 Aug -0.6 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8
Sep -0.3 -0.5 -0.7 -0.7 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 Sep -0.3 -0.6 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 Sep -0.2 -0.5 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8
Oct 0.1 -0.1 -0.4 -0.6 -0.7 -0.7 -0.7 -0.7 -0.7 -0.7 -0.8 -0.8 Oct -0.1 -0.3 -0.6 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 Oct 0 -0.2 -0.5 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8
Nov -0.1 0 -0.2 -0.4 -0.6 -0.7 -0.7 -0.7 -0.8 -0.8 -0.7 -0.8 Nov -0.1 -0.1 -0.3 -0.6 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 Nov -0.1 -0.1 -0.2 -0.5 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8
Dec 0 -0.1 0.1 -0.2 -0.4 -0.6 -0.7 -0.7 -0.7 -0.8 -0.7 -0.7 Dec 0 0 -0.1 -0.3 -0.6 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 Dec 0.1 0 0 -0.2 -0.5 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8 -0.8
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12
0.3 0.2 0.1 0 -0.1 -0.2 -0.3 -0.4 -0.5 -0.6 -0.7 -0.8
SPEI-PM time-scales
SPEI-PM time-scales SPEI-PM time-scales SPEI-PM time-scales
SPEI-PM time-scales SPEI-PM time-scales SPEI-PM time-scales













Drought-induced areas Drought-affected areas Lost harve stareas 
Fig. 4  Pearson correlation coefficients between the monthly SPEI-PM series and the drought-induced areas, drought-affected 
areas, and lost harvest areas at 1–12-mon scale.
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Drought event changes might not represent the chang-
es of other drought characteristics due to the association 
between drought duration, severity, and intensity.  The 
average drought duration or severity was calculated as 
the average duration or severity for all drought events 
(SPEI-PM<–1.0).  The average drought duration for al-
most all timescales decreased with fluctuations from the 
1960s to the 2000s (Fig. 6-A).  Compared with the 1960s, 
the average drought duration in the 2000s decreased 
by 16.7% for the 1-mon timescale, 25.7% for the 3-mon 
timescale, 37.0% for the 6-mon timescale, 37.2% for the 
12-mon timescale, and 33.5% for the 24-mon timescale. 
Drought severity also decreased from the 1960s to 2000s 
(Fig. 6-B).  Compared with the 1960s, average drought 
severity in the 2000s decreased by 38.8% for the 1-mon 
timescale, 44.5% for the 3-mon timescale, 64.8% for the 
6-mon timescale, 66.2% for the 12-mon timescale, and 
54.9% for the 24-mon timescale.
The average drought intensity for all drought events 
for each decade shows decreased drought intensity from 
the 1960s to 2000s (Table 4).  For all timescales, drought 
intensity in the 1960s was the strongest during the past 
50 years, while the weakest occurred during the 1980s. 
Compared with the 1960s, the drought intensity in the most 
recent 10 years was reduced by 23.4% for the 1-mon times-
cale, 17.8% for the 3-mon timescale, 37.5% for the 6-mon 
timescale, 49.1% for the 12-mon timescale, and 32.5% for 
the 24-mon timescale.





















































































































































































































Fig. 5  Spatiotemporal evolution of the SPEI-PM series indicating the development of drought from 1 to 24 month scales at 6 
sub-regions during1961–2010.  Ⅰ, piedmont plain-irrigable land zone; Ⅱ, coastal land-farming-fishing area; Ⅲ, low plain-hydropenia 
irrigable land and dry land; Ⅳ, hill-irrigable land and dry land; Ⅴ, basin-irrigable land and dry land; Ⅵ, hill-wet hot paddy-paddy field.
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3.3. Drought prediction for 2010–2099 under RCP 
8.5 scenario
Drought evolution under future climate change  The 
drought evolution map of multi-scale SPEI-PM is shown in 
Fig. 7 for six sub-regions during 2010–2099.  Visual com-
parison of drought maps within each sub-region showed a 
tendency toward more serious drought conditions through 
2100.  In the 2025s (2010–2040), particularly in the second 
half of 2020–2030, all regions were mainly characterized by 
longer wet events.  The severe dry event (SPEI-PM<–1.5) 
during this period can only be found between 2030–2040 
with a short dry event for sub-region I to IV (Fig. 7-A–D). 
In the 2055s (i.e., 2040–2070), longer drought event is pre-
dicted to occur frequently, particularly during 2050–2060.  In 
the 2085s (i.e., 2070–2100), drought event is expected to 
occur persistently with higher frequency and longer dura-
tion during 2070–2080 for region IV to VI (Fig. 7-D-F) and 
the end of 2080–2090 for all regions.  The main wet years 
were projected in the middle of 2070–2080 for sub-regions 
I to III (Fig. 7-A–C) and the last 10 years for sub-regions I 
to V (Fig. 7-A–E).
Temporal variation of future drought characteristics 
Changes in the drought events were compared between 
the three 30-yr periods centered on 2025, 2055, and 2085 
under the RCP8.5 scenario and the recent (1981–2010) 
historical period (Table 5).  Both the AM and AS events 
were predicted to be lower in the 2025s than in the historical 
period (1981–2010), indicating a lower drought frequency 
in the first 30 years in the future.  Taking SPEI-PM3 as an 
example, the drought event in the 2025s was projected to 
be 30.3% (AM event) and 55.0% (AS event) lower compared 
with the historical standard.  However, the frequency of 
Table 3  Temporal variations in the number of drought events1)
Classification 1960s 1970s 1980s 1990s 2000s
1-mon
AM event 610 741 628 717 560
AS event 344 (56.4) 298 (40.2) 159 (25.3) 270 (37.7) 194 (34.6)
3-mon
AM event 380 456 425 407 361
AS event 227 (59.7) 202 (44.3) 148 (34.8) 189 (46.4) 168 (46.5)
6-mon
AM event 224 296 328 315 262
AS event 163 (72.8) 151 (51.0) 124 (37.8) 165 (52.4) 93 (35.5)
12-mon
AM event 122 142 188 187 148
AS event 97 (79.5) 65 (45.8) 71 (37.8) 102 (54.5) 67 (45.3)
24-mon
AM event 77 108 151 101 111
AS event 63 (81.8) 48 (44.4) 73 (48.3) 50 (49.5) 59 (53.2)
1) The threshold for identifying an AM and AS event was ≤–1.0 and ≤–1.5, respectively.  Numbers in parentheses are the ratio of AS 































































Fig. 6  Temporal changes in average drought duration (A) and 
severity (B) for all drought events during 1961–2010.
Table 4  Temporal changes in average drought intensity for all 
drought events in 1961–2010
Timescales 1960s 1970s 1980s 1990s 2000s
1-mon 0.47 0.43 0.34 0.41 0.36
3-mon 0.45 0.36 0.3 0.35 0.37
6-mon 0.48 0.37 0.28 0.36 0.3
12-mon 0.53 0.29 0.23 0.28 0.27
24-mon 0.4 0.26 0.22 0.27 0.27
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drought events was predicted to continuously increase in 
the 2055s and 2085s for all time scales and surpasses that 
of the 1981–2010 periods.  In the case of the SPEI-PM6, 
compared with the historical period (1981–2010), the results 
indicated an increase in moderate dry events in the 2055s 
and 2085s at therate of 8.4 and 12.2%, respectively.  The 
ratio of AS events to AM events also showed an increas-
ing trend in the RCP8.5 scenario.  For example, the ratio 
increased from 50.1% in 1981–2010 to 72% in the 2085s 
for the 24-mon timescale, indicating 72% of the drought 
events in the 2085s are expected to be intense than the 
severe drought.
Evolution of the duration and severity for all drought 
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Fig. 7  Spatiotemporal evolution of the SPEI-PM series indicating the development of drought from 1 to 24 month-scales at 6 
sub-regions under theRCP 8.5 scenario.





AM event 1905 1321 2170 2242
AS event 623 (32.7) 360 (27.3) 941 (43.4) 1183 (52.8)
SPEI-PM3
AM event 1193 832 1371 1430
AS event 505 (42.3) 227 (27.3) 645 (47.0) 825 (57.7)
SPEI-PM6
AM event 905 605 981 1015
AS event 382 (42.2) 136 (22.5) 483 (49.2) 596 (58.7)
SPEI-PM12
AM event 523 317 477 530
AS event 240 (45.9) 72 (22.7) 251 (52.6) 338 (63.8)
SPEI-PM24
AM event 363 217 340 464
AS event 182 (50.1) 47 (21.7) 198 (58.2) 334 (72.0)
1) AM events represent all dry events while AS events are for severe dry events. Numbers in parentheses are the ratio of AS events to 
AM events in percentage.
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scenario (2010–2099) are shown in Fig. 8.  Compared with 
the historical period, the drought duration and severity are 
predicted to be shorter and weaker in the 2025s, which is 
similar to past drought events.  However, drought duration 
and severity shows an increasing trend from 2025s to 2085s 
for all time scales (Fig. 8).  Compared with the 2025s, the 
highest increasing rate for drought duration and drought 
severity in the 2085s is 62.2% (12-timescale) and 188.1% 
(24-timescale), respectively.
As shown in Table 6, drought is projected to become more 
severe in the 2085s.  Compared with the 2025s, the intensity 
was found to be 43.3% (1-mon), 61.5% (3-mon), 62.5% (6-
mon), 86.3% (12-mon), and 100% (24-mon) higher in the 
2085s.  Similarly, the average drought intensity during the 
2025s was projected to be lower than the historical period. 
Based on these results, drought risk is predicted to intensify 
in the 2055s and 2085s, and will be severe in the 2055s and 
2085s compared with the historical standards.
4. Discussion
4.1. Trend variations between different drought 
indices
This work has shown that drought characteristics, including 
duration, intensity and severity have become moderate 
over the past 50 years in the 3H Plain based on the verified 
SPEI-PM index.  These results are inconsistent with the 
previous studies, where northern China was shown to have 
experienced a warm-drying trend (Yu M et al. 2014; Wang 
H et al. 2015).  This inconsistency is likely due to the use of 
different indices in previous studies and especially due to 
the variation in estimating potential evapotranspiration (PET) 
for different indices.  For example, PDSI_TH has detected 
global drying trends in the past decades (Dai 2013; Nam 
et al. 2015).  However, some studies have evaluated the use 
of PM equation to calculate drought indices and concluded 
that drought has changed little globally (Sheffield et al. 2012) 
and in China in the past decades (Wang W et al. 2015).  To 
understand the variations between different drought indices 
in the 3H Plain, the Mann-Kendall trend test using the signif-
icant level of α=0.1 and α=0.05 was performed on annual 
mean SPI, SPEI-TH, and SPEI-PM of 3-mon scale for the 
historical period (Fig. 9) and the future RCP8.5 scenario 
(Fig. 10).  Stations marked with red inverted triangles in both 
Figs. 9 and 10 are significantly drying areas, and stations 
marked with blue triangles are significantly wetting areas.
In general, the drought trend detected by SPI was driven 
by precipitation (McKee et al. 1993), while SPEI depends 
on both precipitation and PET (Vicente-Serrano et al. 
2010).  For the historical period, precipitation decreased 
insignificantly by 1.01 mm yr–1 (Table 7).  PET-TH gave an 
increase in PET at 1.32 mm yr–1, which further increased 
water shortages.  However, PET-PM decreased by 2.11 
mm yr–1, which made up for decreasing precipitation.  Thus, 
SPI and SPEI-TH showed a drying trend over the 3H Plain 
(Fig. 9-A and B), while the SPEI-PM showed slightly wetter 
conditions (Fig. 9-C).  While precipitationis expected to 
increase by 1.88 mm yr–1 in the future period, the amplifi-
cation of PET by both TH and PM equations counteracted 
this positive increase in precipitation (Table 7).  Thus, SPI 
predicted wetter conditions in the future period (Fig. 10-A). 
However, SPEI-TH and SPEI-PM predicted that almost 
all meteorological stations would experience significant 
drying trends (Fig. 10-B and C), except for the southwest 
regions where SPEI-PM showed an insignificant trend. 
Thus, for 3H Plain, drought indices with different potential 
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Fig. 8  Temporal changes in average drought duration (A) and 
severity (B) for all drought events under RCP 8.5 scenario. 
Obs, the period of 1981–2010.
Table 6  Temporal changes in average drought intensity for 





1-mon 0.37 0.32 0.42 0.46
3-mon 0.34 0.26 0.39 0.42
6-mon 0.31 0.24 0.33 0.39
12-mon 0.26 0.22 0.27 0.41
24-mon 0.25 0.17 0.24 0.34
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in predicted drought trends.  Drought hazard assessment 
should understand these differences and the index being 
chosen for drought studies should be explained and verified 
to justify the selected index.
4.2. Applicability of drought index
In this study, the applicability of SPI, SPEI-TH, and SPEI-PM 
was verified based on observed data of agricultural drought 
areas in the 3H Plain.  We found that SPEI-PM has higher 
correlation level with historical drought area data.  However, 
it does not mean that SPEI-PM has the same applicability in 
other locations or systems.  Remarkably, the best drought 
index for detecting impact changes as a function of the an-
alyzed system and the performance of the drought indices 
varied spatially (Vicente-Serrano et al. 2012).  For example, 
the SPI is found to be well correlated with runoff anomaly in 
China (Zhai et al. 2010), while SPEI is better for hydrological 
application in western Canada (Gurrapu et al. 2014).
For agricultural drought assessment, studies comparing 
the performance of several drought indices would be pref-
erable to determine the best drought index for identifying a 
certain drought type and its impacts on agricultural systems. 
Nevertheless, the variable that could better reflect the 
drought impact for the analyzed system is of considerable 
importance.  In this study, the observed drought area data 
were used to evaluate the applicability of drought index for 





































































































































































































Fig. 9  Trend variations of annual SPI-3 (A), SPEI-TH3 (B), and SPEI-PM3 (C) in the 3H Plain during 1961–2010.
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te-Serrano et al. 2012; Potopova et al. 2015; Labudová 
et al. 2016) have used detrended yield (or climatic yield) by 
applying the first-difference or a linear regression model to 
eliminate the effects of technology change influence from 
actual crop yield, in order to assess the applicability of 
drought index.  However, the reality of these studies were 
based on the hypothesis that yield fluctuations are mostly 
attributed to water stress, and agricultural technology is 
changed linearly (Yu et al. 2012).
Additionally, the comparison between SPEI-PM and 
SPEI-TH indicated that the how potential evapotranspiration 




































































































































































































Fig. 10  Trend variations of annual SPI-3 (A), SPEI-TH3 (B), and SPEI-PM3 (C) in the 3H Plain under future climate change 
(2010–2099).
Table 7  Annual trend of precipitation and potential 
evapotranspiration (PET_PM and PET_TH) and four major 
climatic variables
Items Historical period (1961–2010)
RCP8.5 scenario 
(2010–2099)
Precipitation (mm yr–1) –1.01 1.88*
PET_TH (mm yr–1) 1.32** 6.84**
PET_PM (mm yr–1) –2.11** 3.58**
Daily temperature (°C 10 yr–1) 0.24** 0.77**
Relative humidity (% yr–1) –0.05* –0.05*
Wind speed (m s–1 yr–1) –0.01** –0.00**
Net solar radiation (MJ m–2 yr–1) –12.12** 5.19**
* and ** represent significant level at P<0.05 and P<0.01, 
respectively.
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and long-term drought trend.  This difference has been found 
in other places of China (Wang W et al. 2015; Xu et al. 2015; 
Zhang J et al. 2015) and around the world (Sheffield et al. 
2012; Begueria et al. 2014).  The TH and PM are widely 
used in drought index algorithm.  The TH model used for 
computing PET in drought assessment is popularly used due 
to its simplicity and less data requirements (only tempera-
ture), such as in original SPEI and PDSI indices.  Chen et al. 
(2005) concluded that the TH method overestimates PET in 
southeast China where PET is low, and underestimates in 
the northern and northwest parts where PET is high when 
compared to pan data, and it does not follow the temporal 
variation well.  Instead, PM equation is the most reliable 
estimation and is recommended by the FAO to calculate 
crop water requirements (Allen et al. 2005).  Thus, looking 
at the better applicability of SPEI-PM and estimation results, 
we recommend using PM equation to calculate drought 
index in 3H Plain.
5. Conclusion
The drought characteristics was investigated using “run 
theory” for both historical and future climate change under 
RCP 8.5 scenario in the 3H Plain based on the preferable 
drought index, i.e., SPEI-PM, selected among SPI and SPEI-
TH.  The results can be summarized as follows:
(1) In Huang-Huai-Hai Plain (3H Plain), SPEI based on 
FAO-56 PM formula, i.e., SPEI-PM, is more suitable for ag-
ricultural drought impact analysis as it has higher correlation 
coefficients with historical drought area data than SPI and 
traditional SPEI.
(2) Based on calculations using the SPEI-PM, although 
total drought events showed no significant tendency over the 
historical period, the decreasing potential evapotranspiration 
reduced the drought duration, severity, and intensity from 
the 1960s to the 2000s.
(3) Compared with the historical period, drought char-
acteristics, including the frequency, duration, severity, and 
intensityt end to be lower in the first thirty years in the future 
RCP 8.5 scenario.  However, it is predicted to be intensified 
in the 2055s and the 2085s, and will become very serious 
by historic standards after the 2055s.
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